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ABSTRACT

This article proposes a framework for advancing and
disseminating new, fundamental knowledge in modeling
and simulating rare events in large-scale complex
systems. Most complex systems such as our cities,
national air space, nuclear power plants, corporate
enterprises, and global logistics systems are characterized
by both embedded processes exhibiting continuous state
changes, and stochastically and/or deterministically
occurring discrete events. (Systems possessing these
characteristics are typically termed hybrid and/or
combined systems.) Traditionally, these systems have
been modeled and simulated using either purely
phenomenological models or discrete-event models
because of the nature of the mathematical or physics
equations underlying the models.

This article discusses the current practice of
hybrid/combined system modeling and why this type of
modeling will play a crucial role in the future when
planning responses to rare events occurring in complex
systems. It also proposes a framework supported by a
pilot model for advancing knowledge in this field.

INTRODUCTION

Most complex systems such as our cities, national air
space, nuclear power plants, theme parks and global
logistics systems fall in the category of hybrid and/or
combined systems, which are characterized by both
embedded processes exhibiting continuous state changes
and stochastically and/or deterministically occurring

discrete events. Traditionally, these systems have been
modeled and simulated using either purely
phenomenological models or discrete-event models
because of the nature of the mathematical or physics
equations underlying the models.

However, the full development of realistic computer
modeling that allows for the optimization and scenario
analysis of these large-scale hybrid environments has not
evolved to its fullest extent for several reasons. These
reasons include:

1. differences in mathematical and modeling
approaches in various engineering disciplines;

2. lack of an agreed upon all-purpose modeling code
or software;

3. slow progress in defining and creating workable
interfaces for combined, hybrid modeling that
incorporates the “best” modeling and simulation codes
from each engineering discipline;

4. information technology barriers involving
computational speed and algorithmic efficiency that
inhibit real-time responses to rare or catastrophic events;

5. methodological differences in optimization
approaches and algorithms for continuous versus
stochastically defined discrete systems; and

6. data gathering and processing challenges
associated with modeling real-time complex systems in
both continuous and discrete-event environments.

Modeling and simulation is a central facet to all
engineering disciplines. However, the exact nature of
modeling and simulation, the tools and code used, the
conceptualization of the problem, the scope of the
problem under analysis and the computational resources
required to provide useful results for each discipline
differs greatly. Although much of the focus in the
engineering classroom is on discipline-specific
approaches for modeling and simulating either continuous



or discrete-event based systems, there has been significant
research over the past 35 years in attempting to articulate
formalisms for hybrid simulation.

Fahrland [1970] is generally credited with the initial
work on modeling hybrid systems. Even in his earliest
work, Fahrland outlined many of the limitations and
barriers associated with modeling the integration of
continuous and discrete state systems. He noted that these
hybrid models require overly restrictive definitions of
scope, introduce software interface complexities, and lead
to computational inefficiency.

Since Fahrland, other researchers have proposed
different approaches to modeling combined
continuous/discrete systems that attempt to overcome
known IT challenges to accomplishing this task. Some
examples of approaches include hybrid agent-based
simulation [Lee 2001], hybrid automata [Alur, 1995;
Herzinger, 1996], abstract dynamical modeling [Branicky,
1996], high level architecture developed in 1996 by the
Department of Defense, and dynamic structure discrete
event system modeling [Barros, 1996].

When modeling these hybrid systems, the
fundamental challenge to integration involves the state
transition conceptualization. In discrete-event models, a
constant time step is defined prior to simulation. Even
though these time steps may be exceedingly small and
thousands of events may occur at a single time step, the
next state transition is driven by the events triggered by
the present state and any new inputs to the system. Many
time steps may occur with no state changes before the
system continues its evolutionary process.

In continuous models, differential equations specify
rates of change. Future states are computed through a
time marching algorithm, (stepping in time), where next
steps are predicted by extrapolating either difference
equations or integral equations. As reviewed by Zeigler
et al. [2000], the major drawback of simulating
continuous models on digital computers involves the time
step gap between two computation instances. Although
the model in reality is operating continuously,
calculations on the computer are undertaken without
computation of the interim inputs and outputs. Further
complications arise when simulating non-linear
dynamical systems. Numerical integration methods are
the generally accepted approach to simulating continuous
models but introduce several additional challenges such
as step approximation error, step dependence error and
the start-up problem.

In all of the various approaches to hybrid modeling
there is usually one environment, either discrete or
continuous, that dictates the model development and
consequently, the simulation development. For example,
HLA, the Department of Defense required standard,
combines parallel and distributed event modeling as its

infrastructure. Embedded, continuous systems
characterized by ordinary differential equations (ODEs),
partial differential equations (PDEs), differential algebraic
equations (DAEs) and multi-domain PDEs are simulated
using time-stepped numerical integration. Indeed, most
hybrid approaches with a lead discrete-event paradigm
use time-stepped numerical integration to simulate
continuous subsystems. This is of course in contrast to
the manner in which these subsystems are modeled, e.g.
using primarily ODEs and PDEs.

As the level of complexity of hybrid systems grows,
especially when characterized by random, stochastic
events, so does the ability of the system to respond with
more accurate output for decision makers. However as
the hybrid system grows more complex, the time lag in
providing real-time output to aid decision makers also
grows. This is in part caused by the information
technology constraints involving computational speed and
efficiency demanded by the various statistical formulae
governing statistical significance of the simulation results.

In addition, another impediment to real-time response
is the varying requirements for continuous portions of the
models with respect to computing resources and time
required for numerical integration of complex
multidimensional subsystems. Furthermore, as the
optimization inputs grow, a second level of complexity is
introduced by the number of time sampled runs and
replications required for accurate analysis of the
simulation results. Intelligent computational algorithms
are needed to search the multi-dimensional feasible
solution space of the simulation results. However,
because of the complexity associated with the design and
implementation of these algorithms, only simple hybrid
systems have been successfully modeled.

In today’s information technology-driven
environment, the need for modeling hybrid, complex,
large-scale systems is critical. Responding to natural
disasters, evaluating terrorist attack scenarios, modeling
breaches in national transportation networks, or analyzing
impacts of rare events on the battlefield is essential to
maintaining security of all sectors of society. Our
research question allows us to explore a new paradigm
that will emphasize the specialization and integration of
modeling and simulation tools, and codes from each of
our engineering disciplines. Unlike any other studies
found in the literature, this research will focus on the
required interfaces to create the new framework and not
on the creation of an entirely new language or
specification to model hybrid systems.

WORK TO DATE

In recent years, there has been limited published
research on building hybrid/combined simulation models



that interface codes from both continuous and discrete-
event languages. Law and Kelton [2000] suggest SLAM
11®, SIMAN®, SIMSCRIPT® as primary codes allowing
for the establishment of interfaces between different
discipline-specific simulation tools. Klingener [1995] has
defined an interface module for ProModel® software
allowing for the integration of discrete events and
continuous chemical industry processes. Music and
Matko [1999] have proposed a combined simulation
approach using Matlab® interfaced with Simulink® for
control systems, while Sturgul and Prisbrey [2001] use
Matlab® and the GPSS® simulation language for
simulating a mineral processing crusher circuit. Some
simulation software, e.g., GPSS® and ProModel® are
capable of embedding, which consists of calling
subroutines written in a host language, FORTRAN or C**,
for example, to substitute blocks and control statements
[Schriber, 1986].

In addition to the efforts to interface continuous and
discrete events using existing tools and languages, there is
a large body of work that is directed toward developing
new modeling languages and environments that
specifically include combined modeling capabilities.
Most of this effort comes from the European research
community. Some of these modeling languages include
Modelica, SMILE, Dymola, Allan, NMF, ObjectMath,
SIDOPS+, and Omala.

Modelica [Mattsson et al, 1999] is a modeling
environment that combines several of the features from
various modeling languages into a uniform, object-
oriented language for the modeling of physical systems.
Modelica hybrid models are based on the synchronous
data flow principle, which states that at every time instant,
the active equations (either discrete or continuous)
express relations between variables that must be fulfilled
concurrently. Therefore, a hybrid model is expressed as a
set of synchronous differential, algebraic and discrete
equations that behave deterministically. Although
Modelica enables interfacing of continuous and discrete
event models, the modeler is relegated to model within
the confines of the Modelica language and environment.

The language y [Fabian, 1999] and its associated

environment support the modeling and simulation of
combined models. It is a concurrent language with the
continuous time component based on differential
algebraic equations and the discrete-event part based on
communicating sequential processes (CSP [Hoare,
1978]). However, similar to Modelica, the modeler is
restricted to defining a model within the y environment.

Our approach will be different from the existing work
in the field in that (1) the scope of the system will be
greatly expanded, (2) the interface will be unique, (3) the
interfaced simulation code will be drawn from different
engineering disciplines, (4) system optimization and

scenario development will be introduced into the new
paradigm, and (5) the paradigm will be developed for the
purpose of modeling rare events.

The primary research focus of this project is to
develop a platform to support the integration of different
types of computational models into a single modeling
environment. We plan to integrate execution-driven
system models with physical models of bridge loading
and airborne transport in the context of a bridge collapse
triggering release of toxic contaminants. The integration
primarily involves interfacing the various models to
communicate with one another in a cooperative manner
such that an event spawned in the master model, (the
execution-driven simulation), is communicated in a
context understood by the structural and molecular
models. A means to transform the outputs from an
execution-driven model into inputs to the physical models
will be developed. Conversely, a means of transforming
output from the physical models to input to the execution-
driven model will also be implemented. We also plan to
develop a visual interface between model types to provide
the user with feedback during simulation of physical
models that traditionally provide text-based output.
Finally, we will develop a framework for distributing
various model types (e.qg., initially, structural and
molecular only) across a network of computing resources.

This project will uniquely attempt to
incorporate/interface various continuous and discrete
models, specific to different engineering disciplines, into
a master model without having to define the processes of
the other (slave) models in the same programming
language as the master model. Accomplishing this goal
will allow for the implementation/interaction of more
sophisticated, already-existing software from diverse
disciplines for the solution of complex, real rare event
systems.

Modeling and Simulation in Chemical
Engineering

Modeling and simulation studies of chemical
engineering processes run the gamut of macroscale to the
microscale. On the macroscale simulations are used for
plant design flowsheeting. Common software packages in
use in academia and industry are Aspen PLUS®, HYSYS®
and ChemCAD®. These packages allow input of
parameters and choice of thermodynamic modeling
equations. They solve the mass and energy balance
equations, either at equilibrium or using special
continuous transient modules. Examples in the literature
of studies using such software include work by [Lisitsyn
et al., 2002] and [Smejkal and Soos, 2002]. Chemical
engineers also develop continuous time models of
chemical processes, including the differential equations
arising from mass and energy balances on process units.



Particular emphasis is placed on the systems of
differential equations that arise in chemical reactor
design. In addition, thermodynamic properties of systems
can be obtained from a macroscale modeling approach
[Mitchell et al., 2002a; Mitchell et al., 2002b].

On the microscale, computational fluid dynamics is
used to model flow patterns and temperature profiles in
pipes, in reactors and during crystal growth. These models
contain partial differential equations, which can be solved
using finite element, finite volume or finite difference
techniques. Examples in the literature include Lei et al.
[2002], Lipchin and Brown [2000], and Vartak et al.,
[2000].

On the nanoscale, information can be obtained from
studying the classical behavior of molecules in a system
using Monte Carlo and molecular dynamics simulations,
as well as Molecular Density Functional Theory models.
These techniques use the principles of statistical
mechanics. In addition, information about reactions can
be obtained from ab initio methods.

Modeling and Simulation in Industrial
Engineering

Modeling and simulation of complex systems in
Industrial Engineering primarily focuses on the design of
discrete-event simulation environments characterized by
stochastic and probabilistic events evolving over
relatively long periods of time. These computer-modeled
environments are developed, run, and optimized either
from a distributed platform or from a single location.
Industrial engineers model all types of discrete-event
systems, from health care applications to battlefield
scenarios to manufacturing industries to people flow
challenges. The scope of study for industrial engineers
usually focuses on large systems...a city, airport,
transportation network, retail complex, or hospital.

A number of different simulation codes and tools are
available to industrial engineers. Although many
industrial engineers program in C or C++, there are a
number of off-the-shelf simulation tools that prove
invaluable when modeling complex systems. Some of
these include: Arena®, Witness®, Extend®, ProModel
Corporation’s products ProModel®, ServiceModel®,
MedModel®, AutoMod®, Optquest®, and Matlab®. All of
the aforementioned products include some type of
optimization module as well as interfacing capabilities to
object-oriented codes.

A current grand challenge in developing discrete-
event simulation models is gaining statistically valid
estimates of the true performance of a system, and then
optimizing the almost infinite feasible solution space of
the system. This proves to be an extremely
computationally intensive problem. The most widely
used search procedures for optimizing a discrete-event

simulation’s feasible region are: deterministic search
methods, pattern search methods, probabilistic search
methods, and hybrid techniques. A great deal of the
present work in optimization of discrete-event simulation
is based on the probabilistic search techniques of
simulated annealing [Liu, 1999; Zolfaghari and Liang,
1998] and genetic algorithms [Azadivar et al., 1999;
Pierreval and Tautou, 1997]. A second area of
algorithmic optimization development is in hybrid
techniques primarily based on evolutionary strategies [Shi
et al., 1999; Feyzbakhsh and Matsui, 1999].

New approaches to optimizing classical engineering
problems are proposed by [Riley, 2000a; Riley, 2000b].
Here a great deal of work is concentrated on intelligent
computing applications such as genetic algorithms, neural
networks, and evolutionary programming [Riley and
Flores-Mendoza, 2002; Riley and Salais, 2002]. Some of
the application areas where intelligent computation
development is focused involve large-scale facility design
[Riley and Flores-Mendoza, 2001; Riley 1999], stochastic
shortest path problems [Riley and Gomez-Sanchez, 2001],
network modeling, intelligent agent modeling, and neuro-
fuzzy scheduling. In all of these cases, fast and powerful
computers are needed to efficiently handle the
partitioning and management of data to address the
unique searching requirements of the various optimization
approaches.

Modeling in Civil Engineering

Most studies in Civil Engineering involve, but are not
limited to, the stability analysis of structures, bearing
capacity, soil-structure interaction, performance of
construction materials, and fluid transfer in soils. Thanks
to the latest significant advances in computer capabilities
and the urgent need for design methods applicable to
more realistic, complex systems, a considerable amount
of research effort has been devoted to the development of
new simulation tools that find specific applications in
Civil Engineering. Optimization of the design methods in
this area of study should be undertaken for both safety
and cost reduction purposes.

Numerical simulations using the finite element
method have been effectively applied to fluid flow models
in soil [Choo and Yanful, 2000; Khire 2000], with special
applications in pollutant transport and treatment and
management of contaminated soils [Blunden and
Indraratna, 2001], urban and air traffic flow, construction
materials performance [Cervenka and Cervenka, 1996],
and discrete event simulation in construction management
[Luna and Wu, 2000] to mention a few. In Geotechnical
Engineering, computer modeling has been shown to
provide a more detailed response than laboratory test
results, usually at a lower cost and with more versatility.
In this field, finite element and numerical limit analysis



have been successfully used to analyze the stability of soil
slopes under static [Yu et al., 1998; Kim et al., 1999,
2002] and dynamic loading conditions [Loukidis et al.,
2003], as well as of shallow and deep foundations [Hu
and Randolph, 1998; Hu et al., 1999; Bandini, 2002].

Numerical simulation of large-scale rare events can
be used for attaining a better understanding of the part, or
parts, of the model that are more susceptible to failure.
This is especially significant for critical civil structures in
which human lives and national safety could be in
jeopardy — hospital, bridges, subways, fire stations —
under terrorist attacks with large impact loads or due to
catastrophic accidents. A research team led by M. Sozen
[Sozen et al., 2002] at Purdue University has recently
completed phase | of a computer simulation of the
September 11 Pentagon attack using LS-Dyna® with the
purpose of developing the appropriate tools for a detailed
analysis of potential disasters before they occur. This is
an example of the use of commercially available software
(LS-Dyna® is normally used by auto-manufacturers to
simulate car crashes) combined with technical and
scientific expertise for practical applications different
from those for which the computer package was originally
developed.

Modeling in Electrical and Computer

Engineering: Computer Architecture

Modeling and simulation in Electrical and Computer
Engineering is performed in a broad range of discipline-
specific areas including power, networking, and computer
architecture. We believe power and networking to be the
most relevant areas to the modeling and simulation of rare
events in complex systems.

The area of computer architecture performance
analysis and design is focused primarily on the modeling
and discrete-event simulation of current and future
microprocessors to analyze performance and/or make
design decisions prior to implementation on chip.
Modeling is performed on many different levels of
granularity ranging from the transistor level to the
functional level. Hybrid models typically interface very
detailed models (cycle-accurate) with analytical and
functional models [Cook, 2002; Loh, 2001]. As in other
engineering areas that utilize modeling and simulation for
development and analysis, the most detailed
(microprocessor), models are the most accurate and the
most time-intensive to simulate.

Large commercial companies develop performance
models and simulators that are specific to microprocessor
families that they produce. Because of the manpower,
time, and monetary resources that are dedicated to this
effort, these simulators are proprietary. Small
commercial industries and academia must either develop
their own models and simulators (which requires several

years with multiple developers), or they rely on
simulators that have been developed by other academic
institutions. SimpleScalar® [Berger, 1997], an
academically developed, cycle-accurate microarchitecture
simulator, is widely used by small businesses and
academia to model a variety of micro-architectures.
Students studying Electrical and Computer Engineering
are most often exposed to microprocessor performance
model development and simulation using this tool. Other
tools such as Simics® [Virutech, 2000], and freeware
products such as SImOS [Rosenblum, 1995] and RSIM
[Pai, 1997] are also popular.

Although modeling in the areas of engineering that
our collective experience covers is very different in many
respects, the commonalities encountered in any area of
modeling exist also in these areas. The fundamental
concepts are the same. The manner in which these
concepts are implemented into a model varies. The
diversity and commonality of modeling and optimization
strategies and methods within chemical, industrial, civil,
and electrical engineering can be used to strengthen the
overall knowledge and growth in the broader area of
information technology.

PROPOSED FRAMEWORK

We propose a framework that enables the integration
and subsequent simulation of models from different
engineering disciplines to support the simulation of rare
events in complex, large-scale systems. This framework
will enable the integration of continuous-time, discrete-
time, and time-independent (or static) models. It will be
implemented in an interfacing language that functions
underneath a user interface. By implementing the
language in a GUI, the need for a user to learn a new
language will be eliminated.

A prototype model of a scaled-down complex system
is shown in Figure 1. This complex model contains three
sub-models: (1) a discrete-event traffic flow model, (2) a
static model of load on a highway bridge, and (3) a
continuous-time contaminant dispersion model. Each
individual sub-model is defined by its type (e.g.
continuous-time, discrete-time, or static), its function
(e.g., master or slave model), and its outputs and required
inputs. We will use composition diagrams supported by a
graphical model editor (similar to that implemented by
Modelica). In this graphical editor, the user will position
icons that represent the sub-models of the composite
model, draw connections between the sub-models to
specify the communication directions, and set
input/output parameters (data types, variables, values,
units), and model type and function in dialogue boxes.



We will base the communication between the different
models on the synchronous data flow principle.
The sub-model that is defined as the “master” model will
drive the simulation. If the master is a discrete-time
model, at each (global) time-step this model will halt
computation in all continuous-time sub-models, perform
its computations, send the results (outputs) to the
appropriate sub-models as defined by the communication
directions specified in the composite diagram, re-start
computation in continuous-time sub-models, then halt its
computation. The continuous-time sub-models continue
to compute until the next (global) time-step, send any
results to the appropriate sub-models, re-start computation
in discrete-time sub-models, then halt their computation.
Communication between sub-models continues in this
manner until simulation completion.

We intend to carefully study the syntax and semantics
of existing languages that support combined models such
as Modelica, SMILE, and jy since each of these

implements some form of communication between sub-
models of a composite model.

Prototype Description

In the first stage of the project, a simplified test
system was created to simulate the interaction of the
various interdependent parts (represented by different
computational models) within a single modeling
environment for the analysis of a rare event. For this
purpose, the collapse of a reinforced-concrete, highway
bridge was chosen as the scenario.

The simulation of a bridge structural collapse as the
subject of this trial prototype is justified by the fact that
about 20 new bridges are added every year to the list of
bridges with below-standard performance in the State of
New Mexico, mainly due to weakening of structural
elements caused by concrete cracking and overloading.
In addition, various highways in this region serve as
corridors for the transport of industrial and waste
contaminant materials, increasing the potential for a
regional environmental disaster related to traffic flow.

The continuous traffic flow through the bridge was
modeled within ProModel® for Windows. Typical traffic
and bridge data of an US interstate was used for the
simulation, including average daily vehicle and truck
data, vehicle type, weight, speed, and nature of the
transported materials, bridge dimensions and load
capacity, etc. Each event in the traffic model required
feedback from physical models (bridge stability and
contaminant dispersion models). These physical models
determine whether a rare event (bridge collapse) will
occur. In case of the bridge collapse and depending on the
material transported by the trucks involved in the bridge
collapse, the potential spreading of contaminants through
air and water to nearby populated areas was assessed. A

schematic of the model, its components and input/output
data, is shown in Figure 1.
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Equation of released dispersion plume
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Figure 1: Schematic of hybrid model

The ProModel system outputs data pertaining to the
traffic flow that is used by the physical bridge model to
determine the stability of the bridge. After the bridge
collapse, the amount of contaminant release is determined
by a static equation of state model. The amount of
contaminants is fed back to the ProModel system, which
then communicates with the continuous dispersion plume
calculation model to determine spread of the
contaminants. The spread of the contaminant information
is sent back to the ProModel system, which then reroutes
traffic and dispatches emergency responders. The
physical models, although computationally simple in this
initial prototype, were written in C++ and not using code
blocks structured within ProModel, as is usually done.
Later stages of the project will consider more complex
prototype systems.

CONCLUSIONS

The bridge collapse prototype described in this
research is a solid first step in developing a new paradigm
for integrating discrete and continuous models in a rare
event simulation. The new paradigm will enhance
flexibility in modeling and simulation because the
constraint of developing all models within a particular
modeling environment is removed. This will result faster
development of hybrid models because the wealth of
existing models, in different environments, can simply be
linked simply, rather than reimplemented.
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